The reasons for high carbon emissions from domestic buildings are complex, and have both social and technical dimensions. At the same time, it is costly and very time-consuming to gather reliable data on energy use in the home. The authors had early access to data from the Household Electricity Survey-the most detailed survey of electricity consumption in UK homes ever undertaken-which monitored 250 homes. The data enabled the authors to investigate a series of socio-technical questions drawn up by the UK Government: Why do some households use far more energy than average, whereas others use much less? What potential is there for shifting "peak load" so that electricity demand is more even through the day? Why is base load electricity use so high? The answers were seldom definitive, but statistical tests found significant correlations between high electricity use and social grade, large household size, unemployment and middle age; and between low electricity use and single-person households, small dwellings, and retirement. This paper draws out key findings from the work, and examines how these insights affect our broader understanding of carbon emissions from the built environment.
Introduction
Internationally there is a perennial problem in collating reliable data about energy use. This makes it much harder to assess progress towards energy efficiency objectives and to introduce effective policies [1] . The United Kingdom has made considerable progress in producing detailed, systematic statistics covering different sectors of the economy. However, even in countries which regularly gather detailed data, there are limits to the understanding that can be gleaned from national statistics [2] . For energy use in the building sector, bottom-up surveys are an important complement to aggregate figures based on energy sales. This is particularly true when it comes to uses that are highly dependent on behaviour, such as for household appliances.
The number of appliances monitored per household varied between 13 and 85, and covered wet and cold appliances, as well as Information and Communication Technology (ICT) equipment, some consumer electronics and lighting. For homes that were monitored for a single month only, Meter Point Administration Number (MPAN) data was also collected, which provided total household electricity use for the year 2010. Although similar studies have been conducted elsewhere (e.g., [12] ), the scale and resolution of the monitoring makes the HES the most detailed electricity use survey ever undertaken in the UK. Figure 1 below shows the breakdown of monitoring, split between the monthly and yearly houses. The precise period of monitoring varied from house to house, and did not always line up with the calendar. Therefore, the average monitoring period is also shown on the chart. For each of the participating households, a survey was carried out to gather information on the electrical appliances and lighting within the building. Information collected included key variables such as model and energy efficiency ratings for white appliances, and lamp type and rated power for lighting. Finally, a questionnaire was completed by the occupants covering the residents' working and social status, and their attitudes to energy use and climate change. This questionnaire was similar to the "tracker" surveys carried out each year by DEFRA [13] . It also covered the measures the households take to reduce electricity consumption. For example, 77% of the HES households claimed to fill the kettle only as much as necessary "quite often or more", and 89% washed their clothes no warmer than 40 °C.
The dwellings included in the study cover much of England, and were selected to be broadly representative of the UK in terms of both physical and social factors, such as occupant social grade and employment status, household size and property age [8] . However, the HES sample differs notably from the national housing stock in three important respects. Firstly tenure (social and rented housing, which make up roughly 35% of the UK total [14] , were excluded) and secondly household beliefs (the HES participants were found to be more energy-conscious than the UK average). Only nine of the households have electricity as the primary source of space heating, although 28% of the overall sample did include some form of secondary electric heating. Table 1 summarises the dwellings monitored. 
Aims of This Paper
The HES presents a unique opportunity to examine current electricity use in UK homes. This article endeavours to use the data to improve the understanding of the relationship between behaviour, household social factors, and energy performance. More specifically, it builds upon prior work carried out by the authors [10] , to produce new conclusions in two key research areas:
 How does electricity demand vary in a dwelling over time? This analysis focuses on two important aspects of energy profiles: the base load, and the peak load.  How does electricity use vary between dwellings? This analysis examines the relationship between energy consumption, and different house, and household factors.
Domestic Electricity Use
Although the HES represents the most detailed residential electricity monitoring project undertaken in the UK at the time of writing, there have been smaller, similar studies that have explored the drivers of domestic energy use.
In the late 1990s, a study into the electricity demand in 30 UK homes found that occupancy and income were the main variables driving both total electricity use and daily demand profiles [15] . More recent studies have also found correlations between household income and electricity consumption, and examined the interrelationships between income and other variables. A study carried out in 2008 of data aggregated to small geographic areas determined that income is a key factor affecting residential energy use, but that a number of other variables were also critical, including the type of dwelling, tenure, and household size (i.e., the number of occupants) [16] . An examination of the National Energy Efficiency Data-framework (NEED), a large database of annual energy consumption in UK buildings, found that while electricity use varies with dwelling tenure, the underlying driver was likely to be household income [17] . Other variables found to correlate non-linearly to differences in electricity use included household and dwelling sizes. The analysis of NEED also observed different performance in homes of different ages, with mean electricity use in pre-1919 homes 10% higher than the overall stock. However, this relationship was less clear, and posited to be due to the changing trends in built form and fabric over time, as well as the uncertain nature of refurbishments. Analysis of household tenure was also covered in a study of 27 homes in Northern Ireland, which found far higher annual electricity use in owner-occupied homes than rented ones [18] . More specifically examining the relative impact of income and other factors, a multi-variate regression analysis of the electricity consumption in homes in Portugal found that, while income is a key driver, the impact of this variable is reduced once related factors including house type, size and occupancy are taken into account [19] . However, studies have noted large differences in energy demand across Europe [20] suggesting that the results cannot necessarily be assumed to be valid for the UK.
In addition to the differences in average annual electricity use, the complexity of occupant behaviour has been examined in many of the studies mentioned above. Most reference large variations in annual energy use between ostensibly similar dwellings, as well as differences in the daily demand profiles. It has been noted that behaviour in individual households varies from day to day and that coincidences of appliance use, particularly those with electric heating elements, are a key factor in determining the peak demand [15] . Unsurprisingly, the factors that impact on household electricity demand profiles have been found to overlap with those of annual consumption, with the time and magnitude of peak demand found to vary with income, dwelling size and household size [18] .
At the scale of individual domestic appliances, differences in typical user behaviour have been observed between households. For instance, a recent study found higher mean daily hours of television use in local authority and social housing, compared with owner-occupied homes [21] . Elsewhere, a study of 72 homes found that, while the energy consumption for different appliances typically rises with the dwelling's total electricity consumption, the correlation varies with appliance type [22] . The difficulty of considering these factors in energy modelling was noted in a recent major review, which highlighted the need for domestic models to better account for the range of appliance electricity use [23] : SAP and BREDEM, the well established building regulations models adapted for a number UK building stock models (e.g., [24, 25] ) estimate appliance electricity consumption based solely on occupancy and floor area.
Data Processing
The raw HES dataset consists of electrical energy readings, for individual appliances and on the distribution board circuits, recorded for between a month and a year for 250 homes. Consequently, prior to carrying out any analysis, significant data processing was required. This is outlined below: a) Unknown Energy Use: The HES incorporates considerable appliance-scale monitoring. However, comparison between the electricity profile data and the household appliance surveys revealed that not all appliances were individually monitored in every household. For example one household owned six televisions, of which only three were monitored. Where the distribution circuit-level monitoring showed electricity use that could not be assigned to a specific appliance, this was recorded as "unknown". On average, across the HES sample, unknown uses account for 20% of the household total electricity consumption. b) Incomplete Readings: In some instances, readings were missing for parts of the day, typically at the start and end of the dwelling's monitoring period. Partial day records were removed. One or two days were removed from five households and 14 days (out of 42) were removed from one household. There were no instances where an appliance's data was completely lost, due to missing readings. c) Incorrect or Misclassified Readings: In a few cases, the monitored electricity profiles for individual appliances were significantly different to what would be expected for the appliance type. Where this occurred, the data was amended if possible. Some appliances were reclassified based on the household appliance survey data or the characteristics of the profile-for example several electric cookers that never used more than a few Watts were in fact extractor fans for gas cookers. Sometimes, a profile classified as a single appliance was in fact a number of appliances on the same socket. For example, one classified as a light shared a socket with a cordless phone and radio. Finally, unreasonable spikes in the profiles (such as a DVD player briefly using more than 2 kW) were removed and the profile data smoothed. The data from 90 appliances were reclassified. d) Duplicate Readings: Occasionally, profiles in the HES were duplicated, or one profile included another. This was particularly common with audiovisual appliances, presumably because of the use of daisy-chained power blocks. For example, a multi-way extension cable feeding a TV, set top box and DVD player, might be monitored as a whole at the wall, but the DVD player might also be monitored separately. Where duplicate readings were found, these were extracted. In all, 22 appliances data records were found to be either duplicates or incorporated in another profile.
This study includes analysis of annual electricity use as well as the daily profiles of electrical demand. Therefore, in addition to the processing outlined above, it was necessary to scale up the results for the households monitored for only one month. Seasonal adjustment factors were used to account for variations in use through the year, caused by changes in occupant behaviour as well as the weather (see Figure 2) . For example, lighting is typically more heavily used in winter, when the evenings are dark and the daytimes not particularly bright, whereas refrigerators and freezers usually need more energy in the summer because the ambient temperature is higher. Washing energy use is often similarly seasonal, particularly for tumble dryers, since many households use a washing line for drying clothes when weather permits. Seasonal adjustment factors were generated for each appliance group by assigning best-fit sine or cosine curves to the data from the 26 households monitored for an entire year. Figure 2 presents the seasonal curve (in red) generated from the normalised raw monthly readings for each home monitored for a year (black circles) for washing appliances.
The seasonal adjustment process adds a level of uncertainty to any analysis, compared with examining the raw monitored data. Therefore, where possible, the unadjusted data has been used in the analysis presented here. The energy use profile analyses use the unadjusted data, while the sections examining annual consumption use the seasonally adjusted data.
Following the data processing, household electricity consumption was grouped by appliance type. Eleven categories were used, as shown in Table 2 , along with the average annual electricity use for each. The figures presented are the mean for the entire HES sample. For example, homes with solely gas-based water heating have been included in the calculation as 0 kW· h/year, and homes with back-up immersion heaters may have very low annual electricity consumption. 
Analysis

How Does Electricity Demand Vary Over Time?
The graphs in Figure 3 present the mean daily electrical power profile for all of the households in the study, across the whole year. The profiles for working days and holidays (defined here as weekends and any bank holidays) are shown separately, to demonstrate the variation in behaviour between different days. The curves have been obtained by averaging the days for each household and then across the sample. The averaging process has dampened the daily fluctuations in energy use. However, the dampening effect is less for the holidays as there are fewer data points. The expected night-time base load, small morning peak, and larger evening peak can be clearly seen.
Comparison between the working days and holidays graphs shows that on holidays the morning peak builds more slowly and the evening peak starts slightly earlier. Visual inspection of the graphs suggests that there is a fairly constant cold appliance electrical load throughout the day, and this forms a large proportion of the total during the night. It also shows rising audiovisual, lighting and cooking uses contributing to the peak demand in the evening. In order to better understand the processes behind the profiles, examine the variations between households, and identify potential areas for energy or emissions savings, the base and peak loads were explored in more detail.
The sections that follow examine the electricity use base load and the evening peak in turn. For this work, the analysis was carried out on the overall average daily electricity use profile, without splitting between working days and holidays. As can be seen in the graphs above, the magnitude and timings of these are similar between the two day types.
The Characteristics of Electricity Base Loads
The electrical "base load" is the level that demand will rarely fall below. The precise definition tends to vary between studies, in terms of duration and whether the time should be continuous or not. Two recent methods to approximate residential base load have been "the power demand [...] exceeded for 90% of the monitoring period" [21] and "a single value [...] every two days that corresponded to that half-hour when the least electricity was consumed" [18] .
For this study, for each household the mean electricity demand was calculated for each hour of the day from the monitored data. The minimum hourly value was then identified as the base load. As illustrated in the previous graphs, this typically occurred during the night. However, for 8% of the homes, the base load was during the day. This behaviour could reflect specific lifestyles (e.g., nightshift workers), but unfortunately, the level of occupancy information was not sufficient to determine the precise cause.
Past studies have suggested that residential electrical base load varies seasonally, albeit to a lesser extent than heating [18] . To examine this in more detail, the base load was calculated separately for energy data collected from October to March (130 households) and that collected from April to September (160 households). The characteristics of each set of households were similar, as shown in Table 3 , although there were more single person households in the April to September group. Figure 4 shows the mean base load power consumption across the sample for these two periods. The base load has been split by energy use, in order to examine the impact of different appliances. Across the sample, the mean total base load is 175 W in April-September and 207 W in October-March. As expected, the analysis revealed considerable variation between individual households, with inter-quartile ranges of 83-220 W in summer, 99-217 W in winter. The largest proportion of known base load use is for cold appliances. This accounts for 41% of the known electricity demand, and 30% of the total. Of the remaining uses, "unknown" accounts for 50 W, while audiovisual equipment accounts for 23 W, approximately a third as much as cold appliances.
The seasonal variation in base loads for each appliance group was examined using Student's t-tests, carried out using a p-value threshold of 0.05 to determine statistical significance. This analysis revealed that, for the sample buildings, cold appliances do exhibit a statistically significantly different base load between summer and winter (p = 0.04), as does space heating (mostly night-time storage heaters, p = 0.04). Both these trends are likely due to the reduced ambient temperature between summer and winter, which impacts on heat loss and the refrigerator performance. The other seasonal differences were not significant, including the unknown portion of the electricity use. A proportion of the electrical base load may be unavoidable for practical reasons (e.g., storage heaters charging at night, or refrigerator compressors firing periodically) or behavioural reasons (e.g., lighting left on at night for security). However, households vary in the number of appliances left on, so significant differences in base load across the sample may point to opportunities for energy saving through behaviour change, or efficiency improvements. To examine this issue, the distribution in base loads was analysed to identify any large variations. Figure 5 shows the distribution across the sample for the key appliance categories, showing the different patterns observed.
For most uses, such as cold appliances, almost all households were found to have considerable base loads. However, as the graphs above reveal, for three of the appliance categories, energy use in a small number of households is responsible for a substantial proportion of that appliance type's contribution to the total base load. For example, while most households' ICT base load was low, a few households were found to leave computers on at full power overnight. Table 4 shows the proportion of "high use" households in the sample, using cutoffs selected to account for roughly two-thirds of the total base load for each appliance group. It shows that 60% of the total ICT base load can be attributed to only 12% of Oct-Mar the households. While there may be instances where this high base load is intentional and unavoidable, properly targeted interventions aimed at the high consuming households for these uses could have a large impact on total residential base load power demand, and be more efficient than blanket interventions. The results suggest that lighting and audiovisual and ICT appliances are the obvious candidates for these types of interventions. Peak load is a critical factor for electricity infrastructure. For the UK, it typically occurs around 6 p.m. to 7 p.m., and-with the relatively low level of domestic air conditioning-is highest during the winter [26] . It represents the most difficult time for energy companies and network operators to meet demand, and this brings higher costs and carbon emissions. Throughout the year, residential demand varies as a fraction of the UK's overall peak, from 43% on a typical day to as much as 66% on the coldest days [27] . Consequently, reducing the demand peaks in the domestic building stock would be beneficial. In the HES, 115 households were monitored between 21 October and 21 February, and these were analysed to examine the potential for reducing the peak electricity demand in winter. Figure 6 shows the resulting mean total energy use profile in winter. This reveals a peak electricity demand of 970 W per household, just after 6 p.m. Typically, the peak is when householders have turned lights on and are preparing the evening meal or doing other activities. (a) (b) One means of reducing the peak demand-although not the total demand-is by shifting electricity use away from these times, through behaviour change or the use of smart appliances. Within the domestic sector, the potential for load shifting varies considerably with the type of use [28] . The make-up of electricity consumption for the HES households during the winter between 6 p.m. and 7 p.m. is shown in Figure 7 . The average total winter peak load for the HES is 970 W per household, of which approximately 75% has been attributed to known appliances. It should be noted that although the unknown electricity represents a limitation of the study, it is a relatively consistent fraction through the day (the overall average is 24%), suggesting that the unknown uses do not impact disproportionately on peak electricity use. Prime candidates for load shifting are known to be the wet appliances: long-cycle devices that are generally not time-critical, like washing machines, tumble dryers and dishwashers. Theoretically, in most instances, the use of these appliances could be delayed until after the peak period, or even overnight if they could be started automatically. Across the monitored households, only 70 W was associated with wet appliances during the peak period. This corresponds to just 7.2% of the overall peak electrical demand. Shifting the electricity demand for cold appliances is also possible, through the introduction of smart appliances (e.g., devices controlling the cooling programmes of refrigerators to minimise the compressor firing during peak times) [29] . For the HES sample, cold appliance electricity demand amounted to 64 W, or 7% of the total, between 6 p.m. and 7 p.m. Given that it is unlikely to be feasible to shift all of the wet/cold energy use outside of the peak period, these figures suggest that the potential for shifting the electricity demand in the residential sector may be fairly small.
The largest components of known peak demand were found to be lighting, cooking and audiovisual appliances, which together make up almost half of the peak total (18%, 17% and 14%, respectively). Unfortunately, none of these are easy to shift to other times. Where load shifting is unfeasible, energy use could be reduced through installing more efficient appliances. For instance, past studies have calculated that lighting energy consumption in the UK has been decreasing since the year 2000 due to the introduction of low energy light bulbs and could continue to decrease by a factor or four or more [30] . 
Why Do Some Households Use More Electricity than Others?
Analysis was carried out to examine how annual electricity use varied with different house and household characteristics. This was done in several stages, presented below. Firstly, the impact of different household demographics on total annual energy use was examined. Next, the relationship between appliance and total household energy use was explored. Finally, the drivers of household electricity consumption were examined through uni-variate, and multi-variate regression.
Total Electricity Use and Household Demographics
Large differences were observed in annual energy consumption across the HES households. In the sample, the mean total electricity use, excluding heating, was 3780 kW· h/year, with 25th and 75th percentiles of 2200 kW· h and 4830 kW· h, respectively. This range reflects not just differences in floor area or the number of occupants, but also a number of social and physical attributes and differences in occupancy behaviour. The HES dataset includes demographic information about the occupants as well as parameters describing the dwellings and the appliances owned. Therefore, the data was investigated in more detail to examine how these variables correlate to differences in electricity consumption. Electricity use for heating was excluded from this analysis, and households were included if at least 60% of the remaining annual electricity consumption could be assigned to known appliance types (227 households).
The total electricity consumption for the different household groups was analysed to determine the significant variables, disaggregating by household type, number of occupants, socio-economic group, main occupant age and working status. Linear regression was used to relate energy use to floor area. Figure 8 presents the domestic attributes that were found to have a significant impact on annual electricity use and their impact on mean electricity consumption (p < 0.05). The thresholds for dwelling area were chosen to select the bottom and top 20%, and the other thresholds (e.g., the occupant age boundaries) reflect the ranges used in the original survey data. Readers should note, when examining the results presented here, that the analysis has been carried out to understand the characteristics of low and high use households, but the effects of different factors cannot simply be added together. Multi-variate analysis, necessary to study the variables simultaneously, is presented in Section 4.2.4 below.
As expected, the number of occupants and total floor area were found to be significant, with rising electricity use associated with increases in both. The mean dwelling size in the HES sample is 103 m 2 , and smaller (<75 m 2 ) and larger homes (>130 m 2 ) were found to correlate to mean electricity uses of 2580 kW· h/year and 4450 kW· h/year respectively. Mean household size is 2.5 people, with single occupancy homes using an average of 2120 kW· h/year and homes with three or more occupants using 4920 kW· h/year. Beyond dwelling and household size, a number of variables were found to impact on electricity use, including social grade and employment status. The single largest effect contributing to high use was found to be socio-economic group, with households of social grade A (high managerial, administrative or professional), correlating to a typical annual electricity consumption 36% higher than the overall mean. Interestingly, further detailed analysis suggested that lighting is the primary factor of higher consumption in the social grade A households. Non-working households were found to use more electricity than average, which may reflect greater time spent in the home. Conversely, retired households, which may also be expected to spend more time at home, were found to use less (21% lower than average). 
Contribution of Appliance Categories to Low and High Use
Following the analysis of household total annual electricity use, the dataset was used to explore energy use for different appliance categories. As expected, energy consumption for different appliance types correlates with some key factors; such as the number of electrical appliances owned or the number of occupants (e.g., annual lighting consumption has been found to rise with installed total lamp power [31] ). However, the analysis presented here focuses on how energy use for individual appliances varies with a household's total electricity consumption.
The included households were classified as high, medium or low users, according to their total annual electricity consumption, excluding heating, where high users were defined as the top 20% (over 5220 kW· h/year) and low users the bottom 20% (below 1970 kW· h/year). Mean electricity use was 1390, 3580 and 6750 kW· h/year for the low, middle and high users, respectively.
In order to examine how total electricity use correlates to the use of specific appliances, Figure 9 shows the mean total consumption for the high, medium and low users, broken down by appliance group. High and low use overall is on average consistent across each category, though not at the household level and, as expected, the difference between high and low users is greater in some categories than others.
The data shows that the difference between high and low users is greatest for the unknown category, with a difference in means of 1270 kW· h/year. This may be explained by the increasing prevalence of appliances that are impractical or too numerous to monitor individually: Households with high unknown use were found to have significantly more electrical appliances (a mean of 47 appliances/dwelling for high users, compared to 40 in the others, p = 0.003). Large differences were also found in energy use in other categories, particularly in washing/drying appliances (820 kW· h/year between high and low users) and lighting (780 kW· h/year between high and low users). Refrigeration remains a large part of electricity use even in low use households, as is audiovisual (differences of 525 kW· h/year and 480 kW· h/year, respectively). Despite the general consistency between total household electricity use and the appliance uses, there was still enormous variation within each category at the individual dwelling level. For example, for audiovisual appliances, 17 households used less than 100 kW· h/year, while 22 used more than 1000 kW· h/year. Furthermore, the dwelling with the second highest annual audiovisual appliance energy use in the sample was a "medium user" in terms of total electricity consumption. Similarly, among the 80 households with electric showers, 24 used less than 100 kW· h/year while six used ten times more, and some of the highest shower users were "medium" electricity users overall.
The HES dataset was used to explore which appliances contributed most to unusually high or low electricity use. Applying the same 20%/60%/20% rule, each of the households was classified by the energy use for each appliance category. Figure 10 shows the distribution of high and low appliance energy use for high, medium and low total energy use households. The top graph shows that, for high total electricity use dwellings, while none had "high" appliance use in every category, they were all high in at least two categories, typically three to five. Correspondingly, the bottom graph shows that, while none of the low use households were low in every appliance category, typically they were low in two to five categories. Two of the high use households were low in three categories. The total number of appliance categories is nine, because space and water heating were excluded, as explained previously.
The appliance group where high/low energy most closely correlated with overall household energy use was the wet appliances (washing, drying and laundry). This was the only category where the top 10 households were all classified as high use overall, and the correlation coefficient for household rank in this appliance category with rank in total use was 0.67. Energy use rankings for lighting, cooking, audiovisual and cold appliances each showed slightly lower levels of correlation with total electricity use rank (0.66, 0.54, 0.48 and 0.44, respectively). These results suggest that the drivers for residential electricity use are both varied and complex. Reducing consumption in high users will require changes across a range of appliance types. Similarly, very few households are economical in all categories, and some high use households have low use behaviour in a few appliance types. 
Analysis of Appliance Energy Use
The effect of different dwelling and demographic classifications on the energy use in the seven main appliance types was analysed, using a similar approach to that taken for total electricity use. Several variables were found to have a statistically significant impact on appliance energy use, and these are outlined in Tables 5 and 6 . For this analysis, a threshold p-value of 0.01 has been used, rather than 0.05, as the large number of tests would otherwise have yielded many spurious relationships. Table 5 reveals that all of the appliance categories except for audiovisual appliances and showers show a statistically significant increase with the dwelling floor area. As may be expected, lighting shows the greatest correlation. However, the variation due to this factor is small, with R 2 (the coefficient of determination) no more than 0.1, suggesting that dwelling size only plays a small part in total appliance energy consumption. Table 5 . Categories where annual energy use was significantly related to dwelling floor area (p-values: *** p < 0.001; ** p < 0.01). Table 6 . Categories related to demographic factors (p-values: *** p < 0.001; ** p < 0.01). For each comparison the Welch method was used to compare each group with the rest of the sample. This does not assume equal variance in the two groups. While the results suggest that floor area does not have a statistically significant impact on audiovisual appliance and shower use, these uses did vary significantly with household size, type and age. Table 6 shows that single person households use less electricity than the average for every category of use. However, larger households use more only for washing and audiovisual appliances, except households with children, which use more electricity for lighting too. Single non-pensioner households use significantly less electricity for audiovisual appliances compared to any other group. Elderly households used less for lighting and showers, as well as audiovisual. The high energy use of Social grade A households is not consistent across categories, except for lighting.
Multi-Variate Analysis of Electricity Use by Appliance Category and Overall
The results in Table 7 show how household and dwelling characteristics separately correlate to high use. However, in order to examine whether or not these are driving factors for energy consumption, further analysis is required. Multi-variate analysis can be useful in this area [32] , and is presented here. In this case some of the variables are correlated; for example age, working status and household type are strongly related, with elderly people more likely to be retired and younger people more likely to have children. Additionally, social grade is correlated with dwelling floor area. Therefore the results of the multi-variate analysis should be considered with caution. The initial statistical model included the six key variables listed in the following table. This is a large number of factors for such a small dataset, especially when they are not completely independent.
Dwelling size was the only numeric value and a preliminary analysis was used to determine an appropriate exponent for this for each energy use. Linear regression using logs was used to derive the exponent, but this was rejected if the resulting adjusted R 2 was no better than that obtained with linear regression. The resulting floor area factor was combined with the other factors and the resulting model simplified step by step using the Akaike Information Criterion (AIC), a measure of the relative quality of a statistical model for a given set of data. For each use, households with zero consumption were excluded from the analysis. Additionally, for lighting, households that were only monitored in the summer months were excluded. The final models are shown Table 8 below.
When category variables are used in multi-variate regression, one value in the set is treated as a reference and the other values have coefficients showing the difference from that reference. For example, there is no row for households with size one, but the rows for larger households show the increased consumption due to more people. This makes it impossible to determine the exact significance of the omitted value-though if any of the values in the group are significant that suggests it could be.
The results presented above show that, for total consumption, the only factor of significance was the floor area and even this was only significant at the 5% level. This is because the factors relating to the individual uses are varied, and the overall total energy consumption is too complex for a dataset of this size to reveal. For each appliance category, either floor area or household size, or both, was significant, but there were other contributing factors in most cases.
The results sometimes contradict the single factor analysis due to the correlations between variables. For example, for the audiovisual category, when considering factors separately, having children was associated with high use, but here it is associated with low use-because households with children tend to be larger than those without. This suggests children use less energy for AV (audiovisual appliances) than adults. In addition, considered separately, single pensioners had the second least AV consumption but they have a positive coefficient when the household size factor is taken into account, because their use was higher than single non-pensioner households. The multi-variate analysis suggests that working households have lower energy use for AV than non-working households (not working but not retired). This finding is consistent with single variate analysis but the impact was only significant to the 5% level, thus, not included in Table 8 below. Comparison of the model findings for AV and lighting reveals some interesting results. Lighting use is highest for A/B social groups, whereas AV is highest for the D/E groups. AV increases consistently with household size but lighting use appears to decrease for the largest households. Lighting use is understandably also driven strongly by floor area, whereas AV use is not. Naturally, the two variables are linked, since the largest households also tend to live in large houses. Also, working status is a significant factor for AV use but not for lighting.
In the single variant analysis older people used less electricity for lighting. However, this factor dropped out of the multi-variate analysis, probably because elderly people also tend to live in smaller households (mean 1.6 persons for age 65+ compared to 2.4 persons overall). Although the AIC test simplified the model for ICT to just floor area, a linear regression on this with household size included found that the largest households do have significantly higher ICT use (p < 0.05). However, the AIC test found this does not justify the more complex model.
Discussion and Conclusions
The Household Electricity Survey presents a unique opportunity to examine the current energy performance of the residential building stock in England. This article builds on work previously carried out by the authors, and examines the characteristics of base load and peak electricity use-two key parts of residential electricity profiles. It also explores the difference in energy performance between households.
The majority of known domestic base load power is used to run fridges and freezers, which on average account for more than two-fifths of the total. Even during the winter, when the ambient temperatures are more favourable, these appliances remain the largest component of base load. This means that improvements in the efficiency of cold appliances have the potential to make a larger impact on base load power than interventions to other appliances.
For a few appliance categories, relatively small numbers of homes were found to account for a large share of the base load power demand. For example, 17% of homes account for 71% of the total lighting base load, and there are similar skewed distributions for audiovisual and ICT base load electricity use. This suggests that, for these appliances, if policymakers wished to reduce base load power use (for instance, to allow for more overnight charging of electric vehicles, or overnight use of heat pumps), interventions targeting the key high-use households would be particularly effective-if these could be identified. By contrast, the base load for some uses, most notably cold appliances, were found to have a more uniform distribution.
Average peak electricity use for the sample was from 6 p.m. to 7 p.m. in winter, with a mean of 970 Watts per household. The largest share of known electricity use at this time was lighting, cooking and audiovisual appliances, which unfortunately are all hard to shift to other times of day. Consequently, substituting more efficient appliances, and particularly more efficient lighting, would make a bigger difference than "peak load" interventions per se.
There is the potential for shifting the time of use of washing appliances, for instance using timers. However, there have been concerns about fire safety when using these appliances overnight [33] , and the analysis suggests that the potential savings are small: on average wet appliances account for only 7% of domestic peak power. There is also the potential for using smart cold appliances (notably controls based on frequency response, which automatically cut out for short periods when there is high power demand on the grid), but again the potential savings are likely to be small (possibly less than 3% of peak power [34] ). Although load shifting of this scale may not have large impacts for individual households, aggregated to the regional or national scale the benefits for utilities providers may be important.
The characteristics of high and low energy consuming households were examined, both at the scale of overall electricity use, and the different appliance groups. The reasons for high and low use were found to be both varied and complex. High consuming households typically exhibited high consumption across a number of appliance groups but, significantly, rarely all of them. Consequently, reducing electricity use among high users would require identifying and making improvements across a range of different appliance types in each home. Even the low-use households were very seldom low in every appliance category-typically they were in two to five categories, and some high-use households were found to demonstrate low use in some areas.
This has implications for policy: instead of simply encouraging generic, blanket improvements to all forms of electricity use in high-consuming dwellings, it may be more effective to provide information, incentives, grants or other appropriate interventions targeted at specific high-use appliance characteristics. There may also be a case for enabling householders to compare their use of electricity for specific appliance types with their peers. Many studies have found that such comparisons, and the spirit of competition they help to engender, can be effective in helping to reduce total energy use [35, 36] . Potentially, comparisons of energy use for specific appliances may help to prompt savings, especially if householders see that they have particularly high energy use compared to their peers.
Unfortunately, the fact that overall dwelling energy use does not necessarily indicate energy performance at the scale of the individual appliances, highlights the difficulty households may have in making improvements based solely on metering installed at the distribution board. Without understanding the internal breakdown of uses (for example through appliance-scale metering, or by switching appliances on and off with distribution-level smart metering), it may be difficult to identify the most appropriate improvement measures for each home. A related issue that further complicates research in this field is the enormous range in energy use for individual appliance types. For example, a more than tenfold variation was observed, between the highest and lowest HES energy consumers for audiovisual appliances and electric showers.
The results of the multi-variate analysis identified different demographic variables correlating with variations in household electricity use. The analysis suggests that working households have lower energy use for audiovisual appliances than other households of working age. It also indicates that energy use for lighting is highest among the highest social grades. More empirical work is needed to further explore the drivers for residential energy performance, and the multi-variate analysis is somewhat stymied by small samples.
The absence of income data for the HES households means that it is not possible to compare the results directly with past studies that have shown that income is a major driver of electricity use. However, a number of the variables examined, like dwelling size and social grade, may be indirect indicators for income suggesting that income is important. Dwelling size and the number of occupants did emerge from the analysis as important factors, consistent with past research [15] [16] [17] . Furthermore, the findings from this paper are consistent with those of past work investigating the links between total electricity use and energy use for individual appliances [22] .
The HES survey had limitations, some of which have been mentioned already. Two of the biggest were the modest sample size and the inability to go back to the participants, following the monitoring, to examine why they used electricity as they did, or to explore how energy consumption could be reduced. (Indeed, the consent forms used during the survey specifically precluded follow-on interviews for most households.) The authors advocate further research work in this area, on greater numbers of households, alongside qualitative interviews and time-use diaries to give a more complete understanding of electricity use in homes.
Further work could also explore how biases in the HES sample impact on how representative the findings are of the overall domestic stock. In total, for 2011, the mean annual electricity use for the HES sample was within 1.5% of the UK average. It is likely that the omission of private rented and social housing from the sample distorts the data. A recent study found that owner-occupied homes use almost 14% more electricity than privately rented homes, which in turn use 8% more than social housing [17] , suggesting that the HES results may overestimate the average performance of the overall stock. However, more research is required to better understand the different patterns of electricity use at the scale of specific appliances, which have been found to vary with tenure [21] . Furthermore, the drivers of these differences may be complex. For example, income and employment trends could impact indirectly on energy use, by correlating to variations in the average age of appliances in rented, as opposed to owner-occupied, homes. The HES bias towards households that are slightly more energy conscious than average is possibly less important than the difference in tenure. However, further empirical research could shed more light on any disparities.
Let us return to the title, "What can we learn from the Household Electricity Survey?" The depth and breadth of data gathered in the HES has presented a unique opportunity to improve the understanding of how electricity is used in contemporary UK homes. The paper highlights some of the potential that monitoring exercises have in quantifying the drivers for energy performance and how to relate this to policy issues. Despite the complexity of undertaking large-scale, long-term, detailed surveys like the HES, robust collection and analysis of actual household energy data is a key part of identifying the potential that the sector has for carbon emissions reductions, both for the UK and abroad.
